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ABSTRACT
Design frameworks can be helpful in the development of complex systems needed to automate 
machines. Designing autonomous off-road machinery requires having the means for managing 
the complexity of multiple interacting systems. A design framework, consisting of four technical 
layers, is presented. These layers are (1) machine architecture, (2) machine awareness, (3) 
machine control, and (4) machine behavior. Examples of technology advanced in development 
efforts of autonomous, robotic platforms for agricultural applications are provided. Linkages 
were made to applications in the construction machinery sector. Similarities between agricultural 
and construction automation exist in each of the technical layers.
Key words: automation—design framework—perception—machine localization—
machine behavior
INTRODUCTION AND BACKGROUND
Developing autonomous or robotic construction machinery systems can be inspired by similar 
technological developments in other sectors. In agriculture, for example, automated agricultural 
machinery technology has been under development for almost 50 years. In the 1970s, 
electronics for monitoring and control were introduced to agricultural machines, particularly for 
controlling the chemical application rate of agricultural sprayers and monitoring the consistent 
drop of seeds in a planter. The most significant advance toward agricultural machine autonomy 
started in the 1990s when precision agriculture became the key driver for integrating more 
sensors and controls into agricultural machinery.
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Precision agriculture is a management strategy to reduce the management scale from field 
scale to sub-field scales – on a meter-by-meter scale or in management zones with similar soils 
or topography. Precision agriculture is an approach to intensively managing spatial and 
temporal variability of agricultural fields. It is enabled by automation technologies, but there are 
many examples around the world where precision agriculture management is practiced under 
low technology conditions.
In the large scale agricultural practices of North America, Europe, and Australia, among others, 
automated operation of agricultural machines has been relied upon to achieve the goal of 
precision agriculture. As an example, variable-rate application of chemical inputs, one of the 
major precision agriculture practices, needs the application rate to be changed on-the-go and 
sometimes within every square meter of a field. Manual operation and control of the machine is 
infeasible under large field conditions. Thus automatic rate control has been implemented on 
these machines.
However, while many agricultural machinery operations have some automation technology 
embedded in them, there are few examples of autonomous or robotics machines in agriculture. 
Based on the experience of the industry with automation technology, the vision of autonomous 
and robotic systems has developed nevertheless. The use of small field robots is desirable for 
many precision agriculture practices, such as soil sampling, crop scouting, site-specific weed 
control, and selective harvesting. Robotic applications are not only desirable, but are also more 
economically feasible than conventional systems for some agriculture applications (Pedersen et 
al., 2006).
There are several underlying motivations to move to more autonomous and robotic agricultural 
field operations. First in many cases, automated processes can achieve a greater precision in 
meeting performance specifications than can humans. An automatically guided tractor, for 
example, can be driven through a field with smaller deviations from a straight line resulting in 
lower overlapped application of inputs and fewer skipped areas which were not properly treated.
Automation thus leads to greater input efficiency. The availability and cost of labor can be 
prohibitive in agriculture particularly because of the timeliness requirements of agricultural 
processes such as planting and harvesting. Agricultural automation can extend the productivity 
of human labor by working in collaboration with humans in a co-robotic fashion. Recent 
increases in agricultural productivity have been achieved through increasing equipment size.
Many agricultural machines are now facing limits to larger sizes, and increased size also leads 
to soil compaction which has a negative impact on crop yield. Autonomous field robots have 
potential to address productivity barriers and reduced soil compaction at the same time through 
small vehicle platforms operating in a fleet to accomplish the needed work rates. Such small 
vehicles also have the potential to reduce energy inputs (Toledo et al., 2014).
While there are many differences between the agricultural machinery and construction 
machinery sectors, there are also several similarities. Similarities between the two sectors 
include machinery interaction with media such as soil or biomaterials with uncertain physical 
parameters that are spatially and temporally varying. Both sectors need to lower costs and 
improve input efficiency, as well as improve performance and productivity. Additionally, in both 
cases, human operators interact with the machines, and other people work in close proximity to 
the machines, so safety is of primary importance. Construction and agriculture both seek to 
minimalize environmental impact while developing an infrastructure that meets human needs.
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A main goal of agricultural automation then is to increase food production for a growing world 
population. Many estimate that food production will need to double by 2050 to keep up with the 
demand driven by growing population and affluence. These production increases must occur 
while also minimizing negative environmental impacts. In the automation of earthmoving and 
road construction machines, as specific examples of construction machinery automation, the 
goals are different, but bear some similarity to those of agricultural automation. Construction 
automation goals include improved productivity particularly in the earthmoving and material 
transport applications (Singh, 2002, 1997). Efficiency is also an important goal. Process and 
quality control of a construction process is an important goal as in the applications of roller-
integrated compaction measurements (Vennapusa et al., 2009) or concrete paving (Castro-
Lacouture et al., 2007). Safety of construction workers is also an important goal (Shi et al., 
2005; Dumpert, 2004).
The goal of this paper is to present a design framework developed for autonomous or robotic 
machines in agriculture that it might inspire similar thinking about robotic construction machines,
particularly those used for road construction or earthmoving.
DESIGN FRAMEWORK FOR AUTONOMOUS MACHINES
Machine autonomy is the capability of a machine to achieve operational goals independent of 
human operation or intervention in an uncertain environment. Thus autonomy requires a much 
higher level of complexity and artificial intelligence than observed in machines that are simply 
automated. To manage this complexity and to understand where various research and 
development projects fit in the context of building autonomous machines, a design framework 
has been developed to categorize the required technologies for robotic agricultural machines 
(Han et al., 2015). This design framework is general enough to be applied to autonomous 
construction machines as well. The framework consists of four different technology layers
naturally dependent on one another (Figure 1). These layers are, starting from the bottom: (1) 
machine architecture, (2) machine awareness, (3) machine control, and (4) machine behavior.
Each layer is described below with applications from the agricultural machinery area. Possible 
extensions to construction robots are provided.
Machine Architecture
In autonomous systems engineering, an architecture is a means for managing complexity.
Autonomous and robotic machines of necessity are complex systems comprised of various 
components and sub-systems; many of which are complex systems themselves. Since 
individual humans and teams are limited in their time and resources, as well as their ability to 
keep track of details, they need a way to manage system complexity during development. The 
principle of abstracting complexity through encapsulation of components and using clearly 
defined interfaces to the components is generally what is meant by the phrase “robotic system 
or software architecture.”
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Figure 1. A four-layer design framework for autonomous machines.
Autonomous robots require, to varying degrees, architecture for both hardware and software.
Just thinking about the components required for a particular robotic application and how those 
components are connected to one another and are interacting with one another is a simple 
example of system architecture. Potential is excellent for leveraging the work across research 
teams through system architectures that can be shared. These architectures can be proprietary 
so that development teams can internally manage complexity. Architectures can also be open 
and public to facilitate more rapid development across development teams, as well as to 
facilitate the interconnectivity of components and sub-systems available on the market.
At the lowest level, an autonomous construction machine is composed of hardware and 
software components required for the machine’s function. These components include the 
mechanical parts and assemblies making up the machine along with a prime mover and drive 
train needed to control and apply power to meet the operational goals of the machine. For 
machine automation and eventual autonomy, these hardware components also include the 
electronic, sensing, and actuation components required to automate machine functions. A
machine’s system architecture, consisting of both hardware and software, must be in place to 
build the higher level layers needed for autonomy. Since the machine must interact with the 
physical world, a physical hardware architecture must be in place. For an autonomous 
construction robot, the hardware must enable mobility within the job site, as well as provide the 
capability to perform operations in an automated manner. The hardware architecture must be 
mechatronic – an integration of mechanical, electrical and electronic, fluid power, and 
computational systems – to provide the functionality required to support autonomous 
operations. The necessary interconnections between systems are needed to communicate both 
data and power. Other hardware that must be present are the sensors which transduce physical 
into electrical signals and actuators which provide force and motion to interact with the soils or 
other materials. 
Complementary to the hardware architecture, software and communications architectures must 
also be in place so that the development of higher level layer technology can be built on pre-
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established software components enabling communication and reusing lower level 
computational solutions. While different architectures may focus on different aspects of robotic 
systems, they tend to provide means for (1) modularizing tasks for processes that are important 
to a functioning robot, (2) defining messaging systems and protocols for inter-process 
communication, and (3) defining operations that must occur across distributed processes.
Several illustrative robotic system architectures portray key features of architectural thinking that 
is needed for autonomous machines.
Kramer and Scheutz (2007) surveyed nine open source robotic development environments, or 
system architectures, for mobile robots, and evaluated their usability and impact on robotics 
development. Jenson et al. (2014) surveyed available robotic system architectures including 
CARMEN, CLARAty, Microsoft Robotics Developer Studio, Orca, Orocos, Player, and ROS.
They also found examples of lesser known architectures which may be more relevant to 
agricultural robots, including Agriture, Agroamara, AMOR, Mobotware, SAFAR, and Stanley. Of 
these, four architectures, CARMEN, Agroamara, Mobotware, and SAFAR, had field trials for 
agricultural applications. However, open source availability was limited and only Mobotware had 
been recently updated. 
In early efforts to promote architectural thinking about agricultural robots, Blackmore et al.
(2002) proposed a conceptual system architecture for autonomous tractors that consisted of a 
set of objects or agents which have well defined narrow interfaces between them. The two types 
of agents are processes and databases. A process carries out tasks to achieve a goal. Nine 
processes were defined and described: Coordinator, Supervisor, Mode Changer, Route Plan 
Generator, Detailed Route Plan Generator, Multiple Object Tracking, Object Classifier, Self-
Awareness, and Hardware Abstraction Layer (Figure 2). Three databases were defined 
(Tractor, Implement, and GIS) and are used to store and retrieve data about the machine and its 
operational context. This type of architectural thinking could be applied to construction robots as 
a means for determining the structure required for construction robots.
The Joint Architecture for Unmanned Ground Systems (JAUGS) has seen some 
implementations in agriculture including an autonomous orchard tractor and an autonomous 
utility vehicle (Torrie et al., 2002). JAUGS was primarily a standard messaging architecture to 
enable components to communicate to one another in a standard manner. Later, JAUGS was 
changed to JAUS (Joint Architecture for Unmanned Systems) to be more generally applied to all 
types of unmanned vehicles and became a Society of Automotive Engineers standard. The
standard has two parts; the Domain Model which describes the goals for JAUS, and the 
Reference Architecture which specifies an architecture framework, a message format, and a 
standard message set (Rowe and Wagner, 2008). 
The Robotics Operating System (ROS; Open Source Robotics Foundation) is a general open-
source robotic operating system not specific to any application domain. It provides an interface 
for passing messages between processes running on different host computing platforms that 
make up the computer hardware architecture of a robot. ROS also provides a broad set of 
libraries and tools useful for robotics development. Libraries include (1) standard robot message 
definitions, (2) the transform library for managing coordinate transform data, (3) a robot 
description language for describing and modelling a robot, (4) means for collecting diagnostics 
about the state of the robot and (5) packages for common robotics problem such as pose 
estimation, localization, and mobile navigation (ROS.org, 2015; Quigley et al., 2009). ROS has 
applicability to autonomous construction machines. It has been used as a part of larger system 
architectures for agricultural machines. 
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Figure 2. A conceptual system architecture consisting of ten encapsulated processes, 
databases and inter-process messaging for an autonomous tractor (Blackmore et al., 
2002).
FroboMind is a robotic software systems architecture intended to assist in the development of 
field robots for precision agriculture tasks (Jenson et al., 2014; Figure 3). FroboMind has a four 
part structure, which from lowest to highest levels include: operating system, middleware, 
architecture, and components. The Linux operating system Ubuntu was chosen because of its 
large distribution and long-term support. ROS was used for the middleware to define the internal 
communication structure between processes. The FroboMind architecture level consists of four 
modules, which are perception (sensing and processing), decision making (mission planning 
and behavior), action (executing and controlling), and safety modules. The component level 
consists of software components implemented as ROS packages. FroboMind is open source 
and has been used in the development of several agricultural robots. It is not a hard real-time 
system, but its “soft” real-time performance appears to be sufficient for agricultural robotics 
applications, and would likely be satisfactory for construction applications. While FroboMind was 
designed for field robots doing precision agriculture tasks to enable field experiments and more 
efficient reuse of existing work across projects, it could also provide an architecture for 
construction robots.
Robotic software system architectures provide the means for handling complexity through well-
defined processes and messaging, as well as higher level features, all of which are needed for 
construction robots. These architectures also promote reusability, which enables research and 
development teams to build on one another’s work and move toward more autonomy in 
construction machines.
Machine Awareness
The next design framework layer, machine awareness, is built on the machine architecture layer 
which contains the transducers that convert machine and environment signals into electrical 
signals. Machine awareness, conversion of sensor signals into knowledge about machine state 
and work environment, is fundamental to producing autonomous machine behavior.
Autonomous machines must have awareness of their state and location, the work environment 
including objects to be avoided and the shape of the terrain, and properties of the material that 
the machine is processing. In addition, they must have machine health awareness. This 
machine awareness layer mainly consists of localization and perception technologies.
For off-highway applications in agriculture and construction, localization is often accomplished 
through a global navigation satellite system (GNSS) with inertial sensors. However, many 
applications require the machine to follow some local path or more efficiently move within a job
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Figure 3. The FroboMind architecture level consists of perception, decision making, and 
action modules along with a separate safety module (Source: Jensen et al., 2014).
site. In these cases, machine localization using relative position sensors has advantages.
Included in this localization sub-layer are sensor fusion methods enabling more robust 
localization through complementary sensors. Sensor fusion can extend localization when one of 
the sensor signals is lost and can improve localization accuracy when various error sources 
exist from any single sensor in the system. 
Before a machine can be classified as autonomous, it must perceive its environment to carry out 
its tasks effectively and safely. A primary goal of machine perception is machine safeguarding to 
ensure safe operation of the machine. Obstacle detection, recognition, and avoidance are 
typical steps in machine safeguarding. Perception algorithms and strategies are built on top of
the perception sensors in the hardware architecture to achieve safeguarding functions. 
Both agricultural and construction machines need to perceive features of the environment with 
which they are interacting. Agricultural machines need to interact with the crop, soil and field 
topography to accomplish field operations. Construction machines also need to interact with the 
soil and job site terrain. For autonomous operation, machine perception systems are needed 
with the following capabilities: localization to determine where the machine is relative to the 
world coordinate systems, object recognition of obstacles around the machine, navigation and 
collision avoidance so that the machine can safely interact with its environment, and learning 
and inference so that the perception system can solve new problems. Han et al. (2015) 
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reviewed perception sensors used for navigation and obstacle detection in autonomous 
agricultural vehicles. Sensor technologies that have been investigated for this application 
include vision sensors which are used to capture two-dimensional scene information, as well as 
stereo vision and active 3D camera that add range information. Laser, Ladar, Lidar, Radar 
sensors as well as ultrasonic sensors have been used for range detection and 3D
reconstruction of the scene. Many of these same sensors have been used for construction 
automation for object detection, pile shape estimation, elevation measurement across terrains 
(Singh, 1997, 2002). Sensors for the physical properties of soils have application in both 
agricultural and construction domains (Rossel et al., 2011).
With any machine, failures or breakdowns will occur. Thus, the condition of the machine must 
be monitored, and machine health awareness is needed to achieve machine autonomy. In a
human-operated machine, the operator is not only controlling the operation of the machine, but 
is also monitoring the machine through visual, audio, or vibration cues to ensure that the 
machine is functioning correctly. As machinery is automated, machine condition monitoring, 
along with fault detection and diagnosis, also must be automated, although it can still have 
some reliance on human intervention when a human operator is present. For driverless, 
autonomous machines, machine intelligence to monitor machine health must be in place to 
produce machine health awareness with no human assistance – a very big requirement for the 
development of these machines. Machine health awareness requires a high degree of 
intelligence, perhaps higher than all other requirements for an autonomous machine.
Central to health awareness are technologies often referred to as condition monitoring systems 
or fault detection and diagnostic systems. Condition monitoring is typically part of an overall 
maintenance strategy for a process, machine or machine system, which will involve a human 
manager. It uses signals from a machine acquired with sensors to provide some indication of 
the condition of machine components. Based on these signals and their changes over time, with 
some signal processing and pattern recognition analysis, managers can make decisions about 
what maintenance interventions should be taken and when they should be scheduled. 
Implementing a machine health awareness system for an autonomous machine requires several 
layers of technology, which can be structured in a format similar to the design framework 
presented above (Figure 4). For machine health awareness, there first must be a hardware 
layer consisting of sensors that are measuring physical signals known to be related to machine 
component condition. Several sensing modes have been used for condition monitoring and will 
be described below. Secondly, the signals from the sensors must be preprocessed to remove 
abnormal signals and then processed to extract the features that are correlated to machine 
component conditions. Next, fault detection applies automatic pattern recognition processes to 
determine if a fault has occurred in the system. Generally this step involves finding deviations 
from patterns associated with normal operation. Once a fault has been detected, it must be 
diagnosed to identify what the fault is and what might have caused it.
The last layer might be the most important for an autonomous machine, i.e., to decide what 
action should be taken next and then execute it. Several possible actions can be taken when a 
fault occurs, including: (1) initiate a graceful shutdown and remain at current position, (2) stop 
operations and move to a designated location for maintenance, (3) stop operations, alert remote
human supervisor for further instructions, or (4) continue operations, and send a warning 
message to human supervisor. Blackmore et al. (2002) identified six safety modes similar to 
those listed above. 
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Many sensing modes for machine condition monitoring exist (Khodabakhshian, 2013).
Temperature measurement can be used to detect increased friction in bearings that are moving 
into a failure mode. Dynamic monitoring of vibration signals or acoustic signals associated with 
rotating machines can find vibration signatures related to wear and machine life. Monitoring 
internal wear debris or particle contamination of lubricants is another approach. While light 
blockage particle sensors are available, they are typically not applied directly to off-road 
machines because of cost and robustness limitations. Typically, oil is sampled from the machine 
being monitored and analyzed in a laboratory setting, which does not lend itself to autonomous
machine health awareness. However, dielectric spectroscopic sensing technology for oil 
contaminants shows promise for an on-line sensor to be used continuously during machine 
operation (Kshetri et al., 2013), and could be applied to autonomous machines. Finally, 
monitoring machine performance variables, such as power consumption or hydraulic pressure, 
and searching for anomalies in those dynamic variables shows promise as a condition 
monitoring approach. Craessarts et al. (2010) took this approach applying self-organizing maps 
and neural networks to detect failures on a New Holland combine harvester. 
The application of these technologies to both autonomous agricultural and construction 
machines has limitations. Vibration analysis, for example, is more easily applied to rotating 
machinery and is not as suitable to machines involving lateral motion or limited rotational 
motion. Others are also better suited for more controlled machine operating environments found 
in factories rather than in fields or job sites. While some off-highway machine monitoring 
technologies exist, little has been done to more broadly monitor agricultural machine health.
Machine Control
Once an autonomous machine has awareness of its location, environment, and health, the 
machine control layer must next be in place. For agricultural applications, machine control is 
necessary to navigate the vehicle through the field and to control the implements accomplishing
field operations. In construction applications, the vehicle must be navigated along paths in the 
job site and control the soil engaging tools such as buckets or blades or the construction 
process such as compacting soil or paving. Agricultural examples of machine control are 
presented below to provide insight in how this domain has developed machine control leading 
toward machine autonomy.
Navigation control of agricultural machines is highly developed and has progressed through 
several generations of automatic guidance technologies as applied to conventional agricultural 
vehicles and implements. However, for smaller, next-generation field robots, research questions 
exist since robotic vehicle platforms may provide additional degrees of mobility freedom, 
through independent four wheel steering (4WS) and four wheel drive (4WD), that can be utilized 
for novel navigation control strategies. 
The main goal of navigation controls is to automatically guide or steer a vehicle along a path 
and to minimize the error between the actual trajectory that the vehicle takes and the desired 
path. Automatic guidance of mobile agricultural field equipment improves the productivity of 
many field operations by improving field efficiency and reducing operator fatigue. The idea of 
automatically guiding vehicles is by no means new, and relevant literature can be found from
several decades back (Parish and Goering, 1970; Grovum and Zoerb, 1970; Smith et al., 1985).
The launching of the Global Position System (GPS) in the early 1990’s led to research
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Figure 4. Machine health awareness requires several layers of technology.
investigating the use of GPS as a positioning system for automatic guidance (Larsen et al., 
1994; Elkaim et al., 1997; Griepentrog et al., 2006; Burks et al., 2013). Commercialization of 
GPS-based automatic guidance occurred in the first decade of this century, and was adopted 
very quickly to become one of the most highly adopted precision agriculture automation 
technologies.
Agricultural robotic vehicles operate under environmental uncertainties and time-varying 
parameters. External factors such as soil conditions also affect vehicle dynamic characteristics. 
Both unpredictable internal perturbations and external disturbances create a great challenge. In 
their early work to develop a self-tuning navigation controller for farm tractors, Noh and Erbach 
(1993) used a variable forgetting factor in an adaptive steering controller based upon a 
minimum variance control strategy to cope with nonlinear time-varying dynamics. More recently, 
Gomez-Gil et al. (2011) developed two control laws: one for tracking straight lines and the other 
for tracking circular arcs. These control laws were shown to have global asymptotic stability with 
no singularity points. 
Four-wheel-steering and four-wheel-drive designs provide maneuverability and traction control 
advantages to a field robot. Tu (2013) reported on the development of a 4WD/4WS vehicle and
developed a sliding mode control-based robust navigation controller. Sliding mode control has 
robustness to parameter perturbations and external disturbances, making it suitable for off-road 
environments. Errors of 0.08 m and 0.13 m were observed for straight-line and curved trajectory 
tracking, respectively, in field tests (Figure 5).
Navigation control for the guidance of construction equipment has different requirements. Often 
3D control is required. For grading, the blade height is controlled along with the path of the 
vehicle. However, there may be good cross-collaboration between agriculture and construction
motivated by the example of the agricultural robotics research community. Here, the vision of 
autonomous systems opened up investigations into new machine forms which are feasible if a 
human operator is no longer required. With the new machine forms come new navigation 
control strategies. While this process may play out differently in the construction domain, 
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autonomy does open the machine form design space to the consideration of new forms that are 
no longer designed around an operator.
Implement control has also been implemented commercially for various agricultural machine 
operations. For example, in the case of liquid chemical application, chemical application rate 
control was first developed and commercialized in the late 1970s, upon which variable rate 
application systems were developed in the 1990s. Since that time, more and more aspects of 
machine operations have been automatically controlled.
Implement control is also available so that the burden on the operator to control implement 
settings can be moved to automatic control. This reduces stress and fatigue on the operator and 
gives the operator freedom to take on more of a supervisory role of the overall machinery 
system. In addition, implement control often leads to the reduction of errors in the field operation 
such as turning on or off the seeding at the wrong location and overlap of adjacent swaths or 
skips in chemical application. There are many implement control examples for field crop 
machines.
Figure 5. Robust navigation control of a small four-wheel drive/steer agricultural robot (a) 
tracking over a U-shaped path (b) (Source: Tu, 2013).
A widely adopted control system application in precision agriculture is automatic section-control, 
which ranks second only to automatic guidance technology in terms of its commercial success.
To implement section control, the width of a field sprayer boom is divided into multiple sections, 
with individual sections controlled in an on/off fashion. Boom section control can enable more 
efficient spraying by reducing pass-to-pass overlap as well as preventing application to off-
target areas. Each section is controlled independently of the rest of the system – based on the 
section’s location within the field or canopy. These systems rely on a task computer to control 
the desired state of each section based on the section’s location within the field, taken from 
accompanying sensors and/or on-board maps. A main benefit of using the boom section-control 
technology for a sprayer is the reduction in the of chemical application overlap. The savings 
realized through the adoption of section-control technology is mainly based on the number of 
control sections and the field shape (Luck et al., 2011).
(a) (b)
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The path to agricultural machine autonomy has occurred in a series of implement control 
technologies assisting human operators to accomplish a field operation with great work quality 
or higher productivity with lower operator fatigue. Similar applications can also be found in 
construction machines such as machine control for intelligent compaction. 
Machine Behavior
Machine behavior is the highest layer of the design framework and includes mission planning 
and machine supervision. For a robot to be autonomous, it must exhibit behaviors similar to 
those observed of humans. Some of these behaviors include planning by determining the best 
plan of action to achieve a particular goal and supervision by monitoring the work environment 
and making modifications to the planned actions based on new information. 
Blackmore et al. (2007) promoted a structure for defining the behaviors field robots need to 
perform agricultural operations autonomously. At the highest level, a field operation is the action 
that a robot will carry out to meet the needs of a crops’ cultural practices. Within an operation, 
certain tasks must be carried out – either deterministic or reactive. Deterministic tasks can be 
planned before the operation starts, are goal-oriented to achieve the objective of the operation, 
and can be optimized to best draw on the resources available. Reactive tasks are foreseen 
responses to uncertain situations that may occur during the operation. They are captured in 
terms of behaviors that the robot should do in response to new situations. For example, when 
an unknown obstacle is perceived in the current path of the robot, the robot should behave 
according to the type of obstacle. If a tree is perceived in the path, the robot could alter its path 
to go around it. If an animal is detected in the path, the robot might wait until it moves away, or 
produce stimuli to scare the animal away, or stop and seek guidance from a human supervisor.
An example deterministic task is field coverage where the robot covers a field by navigating 
through a predetermined coverage path. Several examples of autonomous machine behavior 
research in the agricultural domain are presented below. 
Optimal Path Planning
For agricultural field operations, the goal is to cover the entire field with that operation, such as 
tillage or planting. Determining the best path direction is the main goal of coverage path 
planning. Whole fields can usually be covered by straight parallel paths with alternating 
directions parallel to the optimal coverage path direction for each given field. Several 
approaches to optimal path direction discovery have been investigated. The time and travel over 
field surfaces associated with field operations should be minimized within constraints associated 
with machine characteristics, field topography, and field operation-specifics characteristics. To
achieve these goals, optimized coverage path planning algorithms are needed for both planar 
surfaces and fields with three dimensional terrain features.
Optimized Coverage Path Planning on Planar Surfaces
Research has been done on coverage path planning of planar surfaces, but results have some 
limitations in being applied to agricultural fields. Following the longest edge of the field is a 
simple strategy, but it is only suitable for fields with simple convex shapes such as a rectangles.
Fabret et al. (2001) framed the coverage path planning problem as a Traveling Salesman 
Problem (TSP), and first chose a “steering edge” that provided the direction to guide successive 
swaths. In the field headland, characteristic points were then collected. Those points were 
connected by lines in the steering direction via an associated graph constructed by a TSP 
solver. 
Field boundary irregularities must be considered for general coverage path planning solutions.
Field decomposition has potential to further improve the efficiency of field operations before 
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determining the best path directions in fields, particularly those with irregular field boundaries. 
The trapezoidal decomposition method has been investigated as an approach to field 
decomposition (Berg et al., 1999; Choset et al., 1997). Oksanen and Visala (2009) explored 
greedy search algorithms to find coverage paths of planar (2D) field surfaces. Their search 
algorithm iteratively found the optimal trapezoidal field decomposition and path direction using a 
split and merge strategy.
Jin and Tang (2010) developed an algorithm that optimally decomposed planar fields and 
planned optimized operational patterns (Figure 6). Their algorithm used a geometric model 
which represented the coverage path planning problem. Their algorithm produced better 
solutions than farmers’ solutions and showed good potential to improve field equipment 
efficiency on planar fields.
Figure 6. Example results from an optimized coverage path planning algorithm for planar 
field surface. The inner polygons indicate non-traversable obstacles (Jin and Tang, 2006, 
2010).
Optimized Coverage Path Planning on 3D Terrain
More factors must be considered when optimizing the coverage path over terrain with three-
dimensional (3D) topographic features. The main factors are headland turning, soil erosion, and 
skipped area. Jin and Tang (2011) approached the problem by first developing an analytical 3D
terrain model with B-Splines surface fits to facilitate the computation of various path costs. Then
they analyzed different coverage costs on 3D terrains and developed methods to quantify soil 
erosion and curving path costs of particular coverage path solutions. Similar to the planar field 
approaches, they developed a terrain decomposition and classification algorithm to divide a field 
into sub-regions with similar field attributes and comparatively smooth boundaries. The most 
appropriate path direction of each region minimized coverage cost. A “Seed Curve” search 
algorithm was successfully developed and applied to several practical farm fields with various 
topographic features (Figure 7). 
Optimized Vehicle Routing
After optimal field decomposition and coverage path planning, the vehicle route, which is the 
sequence of an agricultural vehicle following individual paths, can be further optimized to 
minimize the distance traveled in headland turning and improve field efficiency when performing
an agricultural operation. Bochtis et al. (2009) developed a mission planner based on an 
algorithmic approach where field coverage planning was transformed and formulated, as a
vehicle routing problem (VRP), which was formulated as an integer programming problem.
Through this approach, non-working travel distance was reduced by up to 50% compared to the
conventional non-optimized method. They also incorporated different operational requirements
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(a)
Figure 7. Elevation model for a field where terraces and valleys exist (a) along with the 
results (b) of a path planning algorithm designed for optimized coverage of a 3D terrain
(Jin and Tang, 2011).
and produced a different field pattern for each particular operation, which were optimal in non-
working travel distance (Figure 8).
Figure 8. Differences between traditional turning pattern (a) and optimized turning 
pattern (b) from an optimized vehicle routing algorithm for a mowing operation (Bochtis 
et al., 2009).
CONCLUSIONS
A design framework for autonomous machines was presented in this paper. While the 
framework has emerged from the agricultural domain, its generality allows a broader application 
to other domains. The layers of machine architecture, awareness, control, and behavior will 
need to be developed for autonomous machines in any domain.
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